Introduction

36
Simply put, model validation is the process of assessing model representativeness. The 37 exact definitions and the feasibility of model validation is widely debated (Bredehoeft 2003 ; 38 Oreskes 1998; Oreskes et al. 1994 ). Here, we define validation as "replicative validation": 39 quantifying agreement between observed data and corresponding simulated values. is to tune models to this snapshot, but such overfitted models tend to perform poorly when tested 45 against data set from a different state (Konikow 1996) . Also, an individual datum is seldom 46 deterministic due to the associated measurement error of uncertain magnitude arising from either 47 manual, technical, or recording errors (Romanowicz and MacDonald 2005) . 48 Secondly, the simulated outputs are generated by a model, one that is the product of 
52
Commonly heterogeneous aquifer property, such as the hydraulic conductivity, is lumped into a 53 4 single parameter value (Beven and Binley 1992) . Consequently, although the model-simulated 54 values are deterministic and have a one-on-one correspondence with observed data, the model 55 may not replicate the exact state of the system when the observations were made (Beven 2012) .
56
Thus, a key challenge in modeling is to deal with the uncertainty about the configuration 57 of the system to be modeled. This uncertainty could be "epistemic", arising due to absence or 58 incompleteness of our knowledge about the system, due to measurement error, non-detections, 59 data censoring, missing values, use of surrogate data, or rounding error. Or, this uncertainty 60 could be "aleatory", arising because of the natural stochasticity of the system, environmental or the reality is unlikely to be exact.
65
As a remedy, multiple model depictions of varying inputs, parameters, and 66 conceptualizations should be constructed. Subsequently, their validity be assessed to find those 67 models that fit the reality better, instead of trying to achieve an exact fit to a singular model to a 
72
The objective of this paper is to demonstrate a multi-model validity assessment approach approach is a unique contribution to the extant array of techniques used to assess the validity of 77 groundwater flow simulation models.
78
As case study, a simulation of groundwater flow near a landfill in New York, USA was 
Research Method
84
Area Metric
85
The Area Metric is defined here as the integral of the absolute value of the difference 86 between the empirical cumulative distribution functions (ECDFs) generated from the observed 87 data (ECDFobserved) and the ECDF generated from the model-simulated outputs (ECDFsimulated).
88
An ECDF represents the cumulative probability that a variable X, such as the groundwater heads, 
94
The Area Metric is independent of the quantum of the observed data. Carmans River, Yaphank Creek, and Little Neck Run were simulated as drains because 95% of 120 their baseflow is estimated to be groundwater (Peterson 1987 ).
121
The model domain was vertically discretized into five layers. The upper three layers (L1,
122
L2, and L3) represented the downward fining sediments in the Upper Glacial aquifer (UGA).
123
The fourth layer (L4) represented a potentially semi-confining unit (PSU), an ensemble the were excluded. So, 200 model variants were finally evaluated using the proposed approach.
173
Calculation of the Area Metric
174
The Area Metric was calculated in four steps.
Step ECDFsimulated. This generated a set of 133 A values, one set for each of the 200 model variants. In
197
Step 3, each set of 133 A values were used as input to generate a "model ECDF" (ECDFmodel) for features were analyzed by one-factor unbalanced ANOVA ( Table 2 ). The ANOVA indicates that (bottom of L2), V3 (extent of the PSU), and V4 (recharge conditions) featured almost equally.
239
Segmented streams (V51) was the preferred configuration in 5 of the 7 models. V63 (low 240 permeability set for the UGA) was the least preferred feature, while V61 (high permeability set 
Conclusion
288
The multi-model validity assessment using the Area Metric is firmly rooted in the 289 pragmatic realism about how models are built and tested. Using this approach, we have shown an 290 approach that addresses key issues in groundwater modeling.
291
Given uncertainty, developing and testing multiple models is a better alternative than 292 treating a singular model as error-free. Here, the model uncertainty was explicitly represented 293 using multiple model variants of a base landfill model.
294
Traditional hypothesis testing approach of binary acceptance or rejection of model's 295 validity is not achievable given uncertainty in our understanding of real world system. Instead,
296
here we assessed the "degree" of multiple models' validity, or the level of agreement between 297 observed and simulated values. We did not ratify or refute the validity of any particular model,
298
but identified models that better concerned with the observed data.
299
Uncertainty reduction or elimination is difficult to achieve because the potential for 
327
The proposed approach is best utilized with realistic understanding of its applicability.
328
The model set used here as well as the uncertainties acknowledged are not exhaustive but they 
